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Polarforming Antenna Enhanced Sensing and
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Abstract—In this paper, we propose a novel polarforming
antenna (PA) to achieve cost-effective wireless sensing and com-
munication. Specifically, the PA can enable polarforming to
adaptively control the antenna’s polarization electrically as well
as tune its position/rotation mechanically, so as to effectively
exploit polarization and spatial diversity to reconfigure wireless
channels for improving sensing and communication performance.
To analyze the performance gain of PA, we study a PA-enhanced
integrated sensing and communication (ISAC) system that utilizes
user location sensing to facilitate communication between a PA-
equipped base station (BS) and PA-equipped users, by focusing
on a new practical channel setup where the locations of users
are nearly time-invariant but their orientations may change
frequently (e.g., mobile phones rotated by spectators seated in
a stadium while taking live photos). First, we model the PA
channel in terms of transceiver antenna polarforming vectors
and antenna positions/rotations. We then propose a two-timescale
ISAC protocol, where in the slow timescale, user localization is
first performed, followed by the optimization of the BS antennas’
positions and rotations based on the sensed user locations;
subsequently, in the fast timescale, transceiver polarforming is
adapted to cater to the instantaneous orientation of user devices
in three-dimensional (3D) space, with the optimized BS antennas’
positions and rotations. We propose a new polarforming-based
user localization method that uses a structured time-domain
pattern of pilot-polarforming vectors to extract the common sta-
ble components in the PA channel across different polarizations
based on the parallel factor (PARAFAC) tensor model. Moreover,
we maximize the achievable average sum-rate of users by jointly
optimizing the fast-timescale transceiver polarforming, including
phase shifts and amplitude variations, along with the slow-
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timescale antenna rotations and positions at the BS. Simulation
results validate the effectiveness of polarforming-based local-
ization algorithm and demonstrate the performance advantages
of polarforming, antenna placement, and their joint design in
comparison with various benchmarks without polarforming or
antenna position/rotation adaptation.

Index Terms—Polarforming antenna (PA), polarforming opti-
mization, antenna position/rotation optimization, integrated
sensing and communication (ISAC), location sensing.

I. INTRODUCTION

INTEGRATED sensing and communication (ISAC) has
emerged as a key technology for the future/next six-

generation (6G) wireless networks [1], [2], [3]. By sharing
hardware platforms and signal processing modules, ISAC
enables efficient resource utilization for both communica-
tion and sensing, improving spectral efficiency and reducing
hardware costs. However, conventional ISAC systems employ
fixed-position-and-polarization antenna (FPPA) in sensing and
communication [4], [5], [6], [7]. While programmable wave-
forms and/or adaptive transceiver beamforming with a large
antenna array can improve sensing accuracy and channel
capacity, wireless channels still lack flexible control via
antenna polarization and position/rotation adaptations. When
a signal propagates through the wireless channel, it may
suffer random depolarization due to scattering and other
environmental effects [5]. As a result, polarization mismatch
occurs when there is a misalignment between the polarization
orientations of the transmitting and receiving antennas, leading
to signifcant signal attenuation as the misaligned component of
the electromagnetic wave is severely attenuated. Conventional
FPPA systems fail to adapt to channel variations caused
by depolarization. On the other hand, as the locations of
mobile users or targets in wireless networks change over
time, the spatial degrees of freedom (DoFs) of FPPAs remain
limited and cannot efficiently adapt to the dynamic spatial
distribution of users in the network [4]. Notably, as each
antenna at transmitter/receiver rotates, its polarization state
changes accordingly. Therefore, antenna polarization and its
position/rotation are tightly coupled, both of which need
to be considered in wireless communication/sensing system
designs.

To enable the transceiver’s full flexibility in antenna polar-
ization and placement, we propose a novel polarforming
antenna (PA), also called polarized six-dimensional mov-
able antenna (6DMA), as a new approach to improve the
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Fig. 1. Illustration of the PA-enhanced sensing and communication system.

performance of wireless sensing and communication without
the need to add more antennas and bear their additional cost
and energy consumption. Specifically, a PA tunes the polar-
forming vector with adjustable signal amplitude and phase
to control the polarization of each antenna at the transmitter
and/or receiver, thus allowing dynamic adjustment of antenna
polarization in response to real-time channel conditions and
depolarization effects by exploiting polarization diversity. This
is achieved through the electronically tunable polarformer,
which contains phase shifters and attenuators that collectively
adjust the phase and amplitude of the transmitted/received
signal (see Fig. 1). Furthermore, each PA can be independently
adjusted in terms of position and/or rotation to modify its
polarization angle as well as adapt to the channel spatial
distribution. This can be realized through mechanical control,
which utilizes external mechanical structures with the aid
of actuators, such as electric motors and precision gears, to
achieve physical movement (see Fig. 1).

It is worth noting that the PA system proposed in this paper
differs significantly from our recently proposed 6DMA [8],
[9], [10] and traditional polarization reconfigurable antenna
[11]. Firstly, a mechanically controlled 6DMA, consisting
of multiple three-dimensional (3D) rotatable and position-
able antennas/subarrays [12], [13], [14], [15], either lacks
the antenna polarization control or is designed under a
fixed polarization condition. Secondly, although traditional
polarization-reconfigurable antennas can adjust antenna polar-
ization, they tune only the amplitude of the signal, which does
not fully exploit polarization diversity. Moreover, polarization
reconfigurable antennas with fixed antenna position/rotation
cannot leverage antenna movement to achieve additional spa-
tial DoFs. In contrast, employing the polarformer presented
in [16], the proposed PA aims at collectively adjusting both
the amplitude and phase of the signals to fully explore the
benefits of polarization diversity, as well as adjusting its
antenna position/rotation to enhance spatial/polarization DoFs.
A summary of the above comparison is given in Table I.

Besides enhancing communication performance, the pro-
posed PA is to help improve wireless sensing/localization
performance. Various wireless localization systems exist, such
as those based on WLAN or cellular networks, which can

Fig. 2. Examples of user rotation scenarios in PA-enhanced ISAC systems.

determine the location of a user or target object using dedi-
cated wireless reference signals between reference nodes and
target nodes [1], [17], [18], [19]. A target object at an unknown
location is often called agent node, while a reference node
with a known position is referred to as anchor node. In some
cases, the agent node determines its location by receiving
reference signals from anchor nodes. However, there are other
cases where the anchors receive reference signals from agents
to localize the agents, and then inform them the estimated
locations via a separate communication link [20]. Here, we
consider the latter case, where multiple PAs are deployed at
the anchor/base station (BS) to receive reference signals from
single-PA users for user localization.

Motivated by the above, we consider a PA-enhanced ISAC
system that utilizes user location sensing to facilitate commu-
nication between PA-equipped users and a PA-equipped BS. In
our considered system, the transmit and receive polarforming
vectors, along with the positions and rotations of the PA
subarrays at the BS, need to be jointly designed to achieve
optimal sensing and communication performance. However,
the design of these parameters depends on the user’s position
and orientation. Thus, we consider a practical two-timescale
channel setup, where the users’ positions change slowly and
can be assumed to be fixed within a sufficiently long period
termed as location coherence time, while their orientations
may vary frequently during this period (intentionally or
non-intentionally). This channel setup is applicable to many
scenarios, such as spectators seated in a stadium watching a
football match, where their smartphones remain stationary in
position but are frequently rotated to take photos in different
directions (see Fig. 2 (a)). Another example is for users playing
virtual reality (VR) games at fixed locations, where their VR
gadgets rotate frequently to enhance the gaming experience
(see Fig. 2 (b)).

Compared with mechanical control, electrically driven
approaches can change parameters remotely, easily, and
rapidly. In the proposed PA-enhanced ISAC system, the posi-
tions and rotations of antennas are mechanically controlled,
which may have limited movement speeds, rendering them
more suitable for adapting to slow-timescale channel varia-
tions, e.g., user locations. In contrast, transmit and receive
polarforming of PA is electronically controlled, thus allowing
their rapid adjustments to adapt to fast-timescale channel
variations caused by, e.g., users’ frequent rotations. To design
such a system, the acquisition of channel state information
(CSI) is essential. However, since the BS can only measure
user-BS channels at the positions and rotations where BS’s
subarrays are physically deployed, it is difficult to obtain the
instantaneous CSI across the entire antenna movement region
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TABLE I
COMPARISON OF PA WITH OTHER RELATED TECHNOLOGIES

at the BS and for arbitrary users’ positions and rotations.
Fortunately, in our considered scenarios (see Fig. 2), the user’s
locations remain unchanged within each location coherence
time, which can be acquired and used for the optimization
of BS antenna positions/rotations. Then, with the optimized
antenna positions/rotations at the BS, the instantaneous CSI
of users due to their rotations can be measured for designing
the fast-timescale transmit and receive polarforming. The main
contributions of this paper are summarized as follows.

• First, we propose the new PA to electrically adjust
antenna polarization through polarforming vectors to
align the transmitter and receiver polarizations, as well
as mechanically adjust antenna position/rotation to adapt
to user spatial channel distribution. Moreover, we model
the PA channel and decouple the channel into stable
unpolarformed components and dynamic polarformed
components, which provides essential insights into our
considered channel setup and facilitates the determination
of parameters in the PA-enhanced system.

• Next, we study a PA-enhanced ISAC system that uti-
lizes user location sensing to facilitate communications
between PA-equipped users and a PA-equipped BS. For
the new practical channel setup where user locations
are nearly static but orientations may vary frequently,
we propose a two-timescale ISAC protocol. In the slow
timescale, user localization is first performed, based
on which the BS antennas’ positions and rotations are
optimized, while subsequently in the fast timescale,
transceiver polarforming is adapted to cater to the instan-
taneous user/device rotations in 3D space.

• Moreover, we design a new polarforming-based user
localization method that leverages controllable polar-
forming vectors to create a time-domain pattern of
pilot-polarforming vectors. This enables the extraction of
stable line-of-sight (LoS) components in the PA channel
across different polarizations using the parallel factor
(PARAFAC) tensor. Thereby, user locations can be accu-
rately determined from the estimated LoS components.
Simulation results validate the effectiveness of the pro-
posed localization method by exploiting the new DoF of
polarforming.

• Finally, we formulate an optimization problem to
maximize the weighted sum-rate of users by jointly
designing transceiver polarforming and BS antenna posi-
tions/rotations based on sensed user locations. To solve
this non-convex problem, we propose an efficient algo-
rithm that accounts for PA movement constraints, discrete

polarforming amplitude and phase shifts, and enables
efficient variable updates via closed-form solutions or
simple iterations. We show by simulation that polarform-
ing optimization improves the achievable rate over fixed
polarization, with more gains achieved when being jointly
optimized with antenna position/rotation.

The rest of this paper is organized as follows. Sec-
tion II presents the PA architecture and the corresponding
channel model. Section III presents a two-timescale proto-
col design for the PA-enhanced ISAC system. Section IV
presents the polarforming-based localization algorithm. Sec-
tion V addresses antenna polarforming and position/rotation
optimization. Section VI presents simulation results for per-
formance evaluation. Finally, Section VII concludes this study.

Notations: Symbols (·)∗, †, (·)H , and (·)T denote the
operations of conjugate, inverse, conjugate transpose, and
transpose, respectively, E[·] represents the expectation over a
random variable, IN denotes the N × N identity matrix, d·e
denotes the ceiling operator, O(·) denotes big-O notation, ∪
represents set union, a · b denotes the dot product of vectors
a and b, ⊗ and ◦ denote the Kronecker and Khatri-Rao
matrix products, respectively, ‖ · ‖, ‖ · ‖F , and ‖ · ‖∞ denote
the Euclidean norm, Frobenius norm, and infinity norm of a
complex vector, respectively, CN (0, σ2) defines a circularly
symmetric complex Gaussian (CSCG) distribution with mean
0 and variance σ2, |X |c represents the cardinality of set X ,
diag(a) forms a diagonal matrix with vector a as its diagonal
elements, and [a]j refers to the j-th element of a.

II. SYSTEM MODEL

We consider a PA-enhanced ISAC system as shown in Fig.
1, where multiple PAs are deployed at the BS to receive
reference signals from single-PA users for user localization
as well as to communicate with these users over a given
frequency band. Without loss of generality, we consider the
downlink communications from the BS to users. In this sec-
tion, we first describe the new PA architecture and then present
its corresponding channel model, which lays the foundation
for the subsequent sensing/localization and communication
designs.

A. PA Architecture

As shown in Fig. 1, each PA can independently induce
a certain phase shift (via the attached phase shifters in the
polarformer) and amplitude change (via the attached atten-
uators in the polarformer) on the transmit/receive signals,
thereby adjusting the antenna’s polarization. The phase shifters
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and attenuators in the polarformer enable precise polarization
control by independently adjusting the phase and amplitude
of signals. In this way, PA can enable polarforming to exploit
polarization diversity and adaptively control the antenna polar-
ization for aligning polarization between transmitting and
receiving antennas. We assume that each transmit/receive
antenna consists of two orthogonally oriented linearly polar-
ized elements, with one element for vertical polarization
(V-element) and the other for horizontal polarization (H-
element).

Specifically, each user k is equipped with a single PA, and
the receive polarforming vector is denoted by

wk =
[
ρrk,1e

−jψr
k,1 , ρrk,2e

−jψr
k,2

]T
, (1)

where ρrk,1 ∈ [0, 1] and ρrk,2 ∈ [0, 1] represent the amplitude
coefficients for the V- and H-elements, respectively, of the
corresponding antenna at the user. In addition, ψr

k,1 ∈ [0, 2π)
and ψr

k,2 ∈ [0, 2π) represent the phase shifts for the user’s V-
and H-elements, respectively.

The BS has B PA subarrays, denoted by B = {1, 2, . . . , B}.
Each PA subarray consists of N(≥ 1) PAs, denoted by N =
{1, 2, . . . , N}. The total number of transmit antennas at the
BS is thus BN . Each PA subarray is a uniform planar array
(UPA) with a given size. All antennas within the same BS
subarray share identical polarization characteristics determined
by the propagation environment. Thus, their polarization can
be controlled by the same polarforming vector. For the b-th PA
subarray at the BS, the transmit polarforming vector is given
by

vb =
1√
2

[
ρtb,1e

−jψt
b,1 , ρtb,2e

−jψt
b,2

]T
, (2)

where ρtb,1 ∈ [0, 1] and ρtb,2 ∈ [0, 1] represent the amplitude
coefficients for the V- and H-elements, respectively, of each
corresponding antenna at the b-th transmit PA subarray. Sim-
ilarly, ψt

b,1 ∈ [0, 2π) and ψt
b,2 ∈ [0, 2π) represent the phase

shifts for the V- and H-elements, respectively, for the b-th
transmit PA subarray antennas. The phase and amplitude of the
polarforming vector can be controlled either continuously or
discretely. While tuning the reflection coefficient continuously
is beneficial for optimizing the system performance, it is
practically difficult to implement since continuous adjustments
entail not only increased cost but also more complex hardware
design. Therefore, we consider the discrete control of ampli-
tude and phase shifts for the ease of implementation. Let Qρ
and Qϑ denote the number of bits for polarforming amplitude
and phase-shift control per antenna element, respectively. We
thus have

[wk]iand [vb]i ∈ F,{χ | χ = ρejϑ, ϑ ∈ S, ρ ∈ A}, (3)

for i = {1, 2}, where F denotes the set of all possible
values for χ, consisting of both amplitude ρ and phase
ϑ, S ,

{
0, 2πD , . . . ,

2π(D−1)
D

}
with D = 2Qϑ . Here, the

discrete phase values are assumed to be equally spaced in the
interval [0, 2π), A , {ρ1, . . . , ρ2Qρ } denotes the controllable
amplitude set with |A| = 2Qρ , and ρi, i = 1, . . . , 2Qρ , are
equally spaced in the interval [0, ]). Note that, when Qρ = 0,
A reduces to the case without attenuation, i.e., A = {1}.

Fig. 3. Geometry illustration of the b-th PA subarray at the BS and the PA
at user k.

Each PA can rotate and/or reposition within a given space.
We assume that each user PA can rotate while maintaining
a fixed position. This is achieved with actuators or parasitic
elements such as a rotating motor, or by manual adjustment, to
enable physical movement. In contrast, all antennas on each
BS PA subarray can reposition and rotate together within a
given convex 3D space C at the BS. This is mechanically
controlled by connecting the subarrays to the central process-
ing unit (CPU) of the BS via extendable and rotatable rods
embedded with flexible wires, allowing the CPU to precisely
control their 3D positions and rotations [8].

To facilitate the user/BS antenna movement description, we
establish three Cartesian coordinate systems (CCSs). As shown
in Fig. 3, the global CCS is denoted by o-xyz, with the BS’s
CPU (i.e., BS center) centered at origin o. Each PA subarray’s
local CCS is denoted by o′-x′y′z′, with the subarray center as
origin o′. Each user’s local CCS is denoted by o′′-x′′y′′z′′,
with origin o′′ taken as the center of the user’s antenna. On
the BS side, the position and rotation of the b-th PA subarray,
b ∈ B, can be characterized by the following position vector
and rotation vector

qb = [xb, yb, zb]T ∈ R3×1, ub = [αb, βb, γb]
T ∈ R3×1, (4)

where xb, yb and zb represent the coordinates of the b-th PA’s
center in the global CCS; αb, βb and γb all in [0, 2π) denote the
rotation angles of the b-th PA subarray with respect to (w.r.t.)
the x-axis, y-axis, and z-axis in the global CCS, respectively.
Given ub, the corresponding rotation matrix can be written as

R(ub) =

 cβbcγb cβbsγb − sβb
sβbsαbcγb − cαbsγb sβbsαbsγb + cαbcγb cβbsαb
cαbsβbcγb + sαbsγb cαbsβbsγb − sαbcγb cαbcβb

 ,
(5)
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where cx = cos(x) and sx = sin(x) [8]. Let r̄n denote the
position of the n-th antenna of the PA subarray in its local
CCS. Then, the position of the n-th antenna of the b-th PA
subarray in the global CCS can be expressed as

rb,n(qb,ub) = qb + R(ub)r̄n, n ∈ N , b ∈ B. (6)

Next, on the user side, we let

ur
k = [ᾱk, β̄k, γ̄k]T ∈ R3×1 (7)

denote the rotation angle vector of the user’s local CCS
o′′-x′′y′′z′′ relative to o-xyz, where ᾱk, β̄k, and γ̄k all in
[0, 2π) denote the rotation angles of the k-th user w.r.t. the x-
axis, y-axis and z-axis in the global CCS, respectively. Similar
to (5), given ur

k, the corresponding rotation matrix can be
denoted by R(ur

k), which is omitted for brevity.

B. PA Channel Model

For the purpose of exposition, we assume that the channel
between the BS and each user is a far-field LoS channel.
In addition, the users’ positions change slowly and can be
considered to be approximately constant within each location
coherence time, while their rotations (orientations) may vary
arbitrarily over time during this period. Each user is equipped
with an omnidirectional antenna. Let φk ∈ [−π, π] and
θk ∈ [−π/2, π/2] denote the azimuth and elevation angles,
respectively, of the signal from user k arriving at the BS
w.r.t. its center. The pointing vector corresponding to direction
(θk, φk) is thus given by

fk = [cos(θk) cos(φk), cos(θk) sin(φk), sin(θk)]T . (8)

By combining (6) and (8), the steering vector of the b-th PA
subarray is given by

ak,b(qb,ub)=
[
e−j

2π
λ fTk rb,1(qb,ub),· · · ,e−j 2π

λ fTk rb,N (qb,ub)
]T
,

(9)
where λ denotes the carrier wavelength. Next, to determine
effective antenna gain gk,b(ub), we project fk onto the local
CCS of the b-th PA subarray, denoted by

f̃k,b = R(ub)
−1fk. (10)

Then, we represent f̃k,b in the spherical coordinate system
as f̃k,b = [cos(θ̃k,b) cos(φ̃k,b), cos(θ̃k,b) sin(φ̃k,b), sin(θ̃k,b)]

T ,
where θ̃k,b and φ̃k,b represent the corresponding directions of
arrival (DoAs) in the local CCS (see Fig. 3). Finally, effective
antenna gain gk,b(ub) of the b-th PA subarray along direction
(θ̃k,b, φ̃k,b) in the linear scale is given by

gk,b(ub) = 10
A(θ̃k,b,φ̃k,b)

10 , (11)

where A(θ̃k,b, φ̃k,b) denotes the effective antenna gain in dBi
determined by the antenna’s radiation pattern [8]. Let

hLoS
k,b (qb,ub) =

√
νke
−j 2πdk

λ

√
gk,b(ub)ak,b(qb,ub) ∈ CN×1,

(12)
which denotes the unpolarformed LoS channel between
the b-th PA subarray at BS and the k-th user. The term
“unpolarformed” here refers to the fact that the polarforming

effect is not considered yet. In (12), νk = ε0d
−2
k is the free-

space path loss, where ε0 represents the channel power at the
reference distance d0 = 1 meter (m) [21], and dk > d0 denotes
the distance between the k-th user’s location and the BS center.

In the local CCS, the vertical V-element of the antenna is
aligned along the positive y′- or y′′-axis, while the horizontal
H-element is oriented along the positive x′- or x′′-axis, with
their unit vectors respectively given by

ev = [0, 1, 0]T , eh = [1, 0, 0]T . (13)

Moreover, the polarization state of an electromagnetic (EM)
wave can be described by any two orthogonal electric field
components on the wavefront, represented by the following
orthogonal unit vectors in the global CCS [22]

zk = [sθksφk ,−cθk , sθkcφk ]T , z̄k = [cφk , 0,−sφk ]T , (14)

which are perpendicular to the signal’s direction of propaga-
tion (see Fig. 3) and characterize the polarization state of the
EM wave propagating along the LoS path.

The transmit field components of the LoS path are generated
by projecting the transmit antenna’s time-varying electric
fields onto the LoS signal direction. The corresponding trans-
formation is given by

Pk,b(ub)=

[
(R(ub)ev) · zk (R(ub)eh) · zk
(R(ub)ev) · z̄k (R(ub)eh) · z̄k

]
∈ C2×2, (15)

where R(ub)ev and R(ub)eh represent the mapping of the
local CCS of the V-element/H-element of the PA subarray at
the BS to the global CCS. Similarly, the receive field compo-
nents are obtained by projecting the LoS signal direction onto
the receive antenna using the projection matrix

Qk(ur
k) =

[
zk · (R(ur

k)ev) z̄k · (R(ur
k)ev)

zk · (R(ur
k)eh) z̄k · (R(ur

k)eh)

]
∈ C2×2, (16)

where R(ur
k)ev and R(ur

k)eh denote the transformation of
the local CCS of the V-element/H-element of the user’s PA
to the global CCS. Consequently, the dual-polarized response
matrix between the k-th user and the dual-polarized antennas
on the b-th PA subarray at the BS is given by

Ak,b(ub,u
r
k) = Qk(ur

k)Pk,b(ub) ∈ C2×2. (17)

When the transmission distance is sufficiently large, the
phase variation due to the LoS channel is the same for both V-
and H-ports of the antenna, regardless of the pair of transmit
and receive antennas. Therefore, the unpolarformed channel,
hk,b(qb,ub), from the V- and H-ports of user k to those of the
b-th PA subarray at the BS can be expressed as follows, using
unpolarformed LoS channel hLoS

k,b (qb,ub) and dual-polarized
response matrix Ak,b(ub,u

r
k):

hk,b(qb,ub) = hLoS
k,b (qb,ub)⊗Ak,b(ub,u

r
k) ∈ C2N×2, (18)

which captures the effects of wireless signal propagation
across all potential polarization states. Different from the dual-
polarized antenna [6], which requires two radio frequency (RF)
chains since each antenna has two ports, each PA is connected
to a single RF chain for subsequent signal processing, thereby
reducing power consumption (see Fig. 1). The N -dimensional
PA polarformed channel is then obtained by incorporating the
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Fig. 4. Illustration of the proposed protocol for PA-enhanced ISAC system.

polarization effect for each antenna through receive polarform-
ing vector wk and transmit polarforming vector vb, which is
expressed as

hk,b(qb,ub,wk,vb) = (IN ⊗ vHb )hk,b(qb,ub)wk (19a)

= hLoS
k,b (qb,ub)︸ ︷︷ ︸

Stable unpolarformed channel

×
(
vHb Ak,b(ub,u

r
k)wk

)︸ ︷︷ ︸
Dynamic polarformed channel

, (19b)

where IN ⊗ vHb in (19a) is due to the fact that all N
antennas in the same PA subarray at BS use the same transmit
polarforming vector vb. The polarforming vectors effectively
combine the entries of channel hk,b(qb,ub) according to the
polarization of each antenna at the transmitter/receiver.

Remark 1: The channel decomposition given in (19b),
introduced in this study for the first time, offers the advan-
tage of decoupling the stable unpolarformed LoS channel
component from the dynamic polarformed channel component
due to transmitter/receiver polarforming and user rotations in
3D space. In this way, the unpolarformed channel remains
unaffected when varying the polarforming vectors and user
rotations. This distinctive PA-specific channel representation
can be utilized to design efficient localization algorithms that
leverage the common parameters in the stable unpolarformed
channel across different controllable polarforming vectors (see
Section IV). Furthermore, the elegant structure of (19b) facil-
itates the optimization of polarforming at both the transmitter
and receiver, as will be elaborated in Section V.

III. TWO-TIMESCALE PROTOCOL DESIGN FOR
PA-ENHANCED ISAC

In this section, we propose a two-timescale transmission
protocol for the PA-enhanced ISAC system, as illustrated in
Fig. 4. Based on our proposed channel setup with users’
quasi-static locations and fast-varying rotations, we divide the
user transmissions into multiple user location coherence time
intervals, during each of which users’ locations are assumed
to be constant. Each location coherence interval is further
divided into two phases, namely, the slow-timescale phase
for user localization and BS antenna position/rotation tuning,
and the fast-timescale phase for polarforming adapting to
users’ instantaneous orientations and their induced channel
variations. Specifically, the detailed operation and design in
these two phases are provided as follows.
• Phase I (Slow Timescale Design): During this initial

phase, user locations are first sensed, and then BS
antennas’ positions and rotations are determined based
on the sensed user locations. To this end, the BS receives

the pilot signals from the user devices which are trans-
mitted using time-varying user polarforming vectors wk

to enable polarforming-based user localization at the BS
(see Section IV). Then, based on the sensed user loca-
tions, we optimize the positions and rotations of all PAs at
the BS for maximizing the users’ average achievable rates
(see Section V). The optimized antenna positions and
rotations will then be implemented at the BS and remain
unchanged during Phase II of each location coherence
interval.

• Phase II (Fast Timescale Design): The remaining time of
each location coherence interval consists of Tc channel
coherence intervals. The users’ rotations (or induced
channels) remain unchanged in each channel coherence
interval. During each channel coherence interval, the
transmit and receive polarforming vectors are jointly
determined based on the instantaneous users’ rota-
tions/channels to maximize the achievable rates of users.
The user locations sensed in Phase I can help to obtain
the instantaneous CSI in each channel coherence interval
more efficiently, as the user locations are constant with
only the user orientations varying over different channel
coherence intervals.1

Note that by adapting to user rapid rotation with polar-
forming after antenna positions and rotations are set to their
optimized values based on user locations, our scheme pre-
serves the performance benefits of adapting to both the random
and constant components of the PA channel, thus achieving a
good balance between performance and implementation cost.

IV. POLARFORMING-BASED LOCALIZATION

In our proposed PA-enhanced ISAC system, the accuracy
of user localization significantly impacts the performance of
polarforming and antenna position/rotation optimization. Once
user location is determined, the stable unpolarformed channel
component given in (19b) between the user and all potential
PA positions and rotations at the BS can be reconstructed
for slow-timescale antenna position and rotation optimization.
Additionally, the user location-related dynamic polarformed
channel component in (19b) can be more efficiently acquired
for fast-timescale polarforming optimization. Acquiring the
stable unpolarformed channel and the dynamic polarformed
channel components separately is a practically appealing
approach for user localization, as these separate channels
provide different information about user locations. Therefore,
this section presents a polarforming-based user localization
algorithm, where the PA moves over a small number of
different sample position-rotation pairs to collect data, and
the user polarforming vectors dynamically vary according to a
pre-designed sequence to help extract the stable unpolarformed
LoS channel components. The user locations are then derived
based on the decoupled LoS channel components, and the user
LoS CSI for all arbitrary PA positions and rotations can be
reconstructed based on those estimated locations.

1The user’s location may also vary slightly during each location coherence
interval. However, for our considered channel setup assuming far-field LoS
propagation for all users, small changes in the user’s position do not affect
the effective channel gain.
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Fig. 5. Structured pilot-polarforming pattern in the time domain.

A. Extraction of Unpolarformed Channel Component

To enable user localization sensing with a small number
of BS antenna position-rotation placement pairs, PA subarrays
at the BS move across a set of M different position-rotation
pairs to collect pilot signals from all users. It is generally not
feasible to sense the locations of all users, which are widely
distributed in the network, using a single PA subarray placed
at a fixed position-rotation pair at the BS. This is due to
the directional sparsity of PA channels [23], [24], where each
user has significant channel gains only with a small subset of
PA position-rotation pairs at the BS. Such directional sparsity
causes negligible signal power to be observed at some PA
position-rotation pairs for a given user.

To determine the user locations, we propose a random
configuration of polarforming vectors wk,p for user k, p =
1, · · · , P with P denoting the total number of pilot signal
blocks used for user localization. BS polarforming vectors
vm, m = 1, 2, . . .,M , are set to fixed values for sensing. As
shown in Fig. 5, we assume that all user channels are constant
during the location training duration (normalized to the symbol
period), denoted by Ts in Phase I of the proposed protocol (see
Fig. 4), where Ts = PL with L denoting the number of time
slots in each pilot signal block. Each user transmits known
pilot signals xk ∈ CL×1 to the BS, and the pilot is repeated
over the P blocks. The structured pilot-polarforming pattern is
shown in Fig. 5, where user polarforming vector wk,p remains
constant over the L time slots of the p-th block and varies from
block to block.

Under the proposed pilot-polarforming pattern, the received
signal at the BS, denoted by Ym ∈ CL×N , m ∈ M =
{1, · · · ,M}, for the m-th training position-rotation pair can
be expressed as

Ym,p =

K∑
k=1

ηm,k,pxkh
LoS
k,m(qm,um)T + Wm,p (20)

= Xdiag([Ωm]p,:)Hm + Wm,p, (21)

where [Ωm]p,: represents the p-th row of the complex-valued
matrix Ωm = [ηm,1,ηm,2, · · · ,ηm,P ]T ∈ CP×K . Here,
the vector of dynamic polarformed channel components is
represented as

ηm,p = [ηm,1,p, ηm,2,p, . . ., ηm,K,p]
T ∈ CK×1, (22)

with ηm,k,p = vHmAm,k(um,u
r
k)wk,p as given in (19b),

for user k at the m-th training position-rotation pair for
PA subarrays during pilot block p, with p ∈ {1, 2, . . ., P}.
In addition, X = [x1, · · · ,xK ] ∈ CL×K denotes the
horizontal stack of all pilots from all users, Hm =

[hLoS
m,1(qm,um),hLoS

m,2(qm,um), · · · ,hLoS
m,K(qm,um)]T ∈

CK×N ,m ∈ M, denotes the collective unpolarformed LoS
channel from all K users to all antennas at the m-th PA
training position-rotation pair, and Wm,p ∈ CL×N is the
complex-valued additive white Gaussian noise (AWGN)
matrix with independent and identically distributed (i.i.d.)
entries following the distribution of CN (0, σ2).

Based on the sensing signal model given in (21), we proceed
to apply the PARAFAC decomposition technique [25], [26],
[27], [28] to sense users’ locations. First, we rewrite (21) as

Ym,p = Zm,p + Wm,p, (23)

where Zm,p = Xdiag([Ωm]p,:)Hm ∈ CL×N is the noiseless
version of the received signal. We show that each(l, n)-th entry
of Zm,p with l = 1, 2, . . . , L and n = 1, 2, . . . , N is given by

[Zm,p]l,n =

K∑
k=1

[X]l,k[Hm]k,n[Ωm]p,k. (24)

We construct the three-way matrix, Zm ∈ CL×N×P , which
incorporates all P matrices Zm,p from (24) along its third
dimension. The unfolded representations corresponding to
mode-1, mode-2, and mode-3 of Zm can then be expressed as
follows, respectively:

Z1
m ,

(
HT
m ◦Ωm

)
XT ∈ CPN×L, (25)

Z2
m , (Ωm ◦X) Hm ∈ CLP×N , (26)

Z3
m ,

(
X ◦HT

m

)
ΩT
m ∈ CNL×P , (27)

where Z1
m, Z2

m, and Z3
m represent the horizontal, lateral, and

frontal slices of Zm. The noise-corrupted matrix unfoldings in
(26) and (27) can be rewritten as

Y2
m , (Ωm ◦X) Hm + W2

m, (28)

Y3
m ,

(
X ◦HT

m

)
ΩT
m + W3

m, (29)

where W2
m and W3

m denote the AWGN matrices. The above
PARAFAC decomposition facilitates the user localization algo-
rithm design, as shown in the following.

Specifically, given that X is known at the BS receiver, Hm

and Ωm are iteratively estimated by alternately minimizing the
corresponding offset square function using the unfolded forms
in (28) and (29). Based on (28), during the i-th iteration, the
estimate of Hm, denoted as Ĥ

(i)
m , is obtained by minimizing

the following offset function:

J
(
Ĥ(i)
m

)
=
∥∥∥Y2

m − Â2
(i−1)Ĥ

(i)
m

∥∥∥2
F
, (30)

where Â2
(i−1) ,

(
Ω̂

(i−1)
m ◦X

)
∈ CLP×K . The closed-form

solution for (30) is given by

Ĥ(i)
m =

(
Â2

(i−1)

)†
Y2
m. (31)

Similarly, based on (29), during the i-th iteration, the estimate
of Ωm, denoted as Ω̂

(i)

m , is obtained by minimizing the
following offset square function:

J

(
Ω̂

(i)

m

)
=

∥∥∥∥Y3
m − Â3

(i)Ω̂
(i)

m

∥∥∥∥2
F

, (32)
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where Â3
(i) ,

(
X ◦ (Ĥ

(i)
m )T

)
∈ CLN×K . The closed-form

solution for (32) is given by

Ω̂
(i)

m =
(
Â3

(i)

)†
Y3
m. (33)

Note that we initialize Ĥ
(0)
m and Ω̂

(0)

m as the eigenvec-
tor matrices corresponding to the K non-zero eigenvalues
of
(
Y2
m

)H
Y2
m and

(
Y3
m

)H
Y3
m, respectively. The proposed

iterative alternating algorithm terminates when the normal-
ized mean square error (NMSE) between any two adjacent
iterations is less than a given threshold κ. Note that the
iterative estimations in Algorithm 1 may encounter a scaling
ambiguity issue, which can be resolved through normalization
as in [25].

B. Unpolarformed Channel-Based Localization

Based on the estimated stable unpolarformed channel, Ĥm

for m = 1, · · · ,M , the users’ locations are determined by
extracting their corresponding DoAs at the BS and user-BS
distances. By utilizing the orthogonality of the signal and noise
subspaces, one practical method for DoA estimation is using
the multiple signal classification (MUSIC) algorithm [29].

To apply MUSIC, we first construct a sample covariance
matrix from the channel estimates. All Ĥm matrices are
stacked into a larger matrix Ĥ =

[
Ĥ1 Ĥ2 · · · ĤM

]T ∈
CMN×K and channel covariance matrix is calculated as

R̂ =
1

K
ĤĤH ∈ CMN×MN . (34)

Based on (9), the steering vector for M training position-
rotation pairs is constructed as

ak(fk)=
[
aTk,1(q1,u1; fk)· · ·aTk,M (qM ,uM ; fk)

]T
. (35)

Next, we perform the eigenvalue decomposition (EVD) of the
covariance matrix R̂, expressed as

R̂ = UsΛsU
H
s + UnΛnUH

n , (36)

where Λs is a diagonal matrix containing the largest K eigen-
values of R̂, and Us contains the eigenvectors corresponding
to the K largest eigenvalues, while the rest of the eigenvalues
and eigenvectors, respectively, constitute Λn and Un.

The DoAs of all K users are obtained by finding top-K
peaks in the pseudo-spectrum [29], i.e.,

f̂1, f̂2, . . ., f̂K = argtop−K
fk

(
1∥∥UH

n a(fk)
∥∥2
)
. (37)

Once the DoA vectors are obtained, the user-BS distance
for user k can be calculated. Using the observed channel
amplitude ‖ĥLoS

k,m‖ of the stable unpolarized channel across
all M LoS channel estimates and the user-BS geometry, we
formulate the following least squares (LS)-based minimization
problem for estimating dk:

d̂k=arg min
d>0

M∑
m=1

(
‖ĥLoS

k,m‖ −
√
ε0N

d2

√
gk,m(um)

)2

. (38)

The solution to the problem in (38) has the following closed-
form expression:

d̂k =
√
ε0N

∑M
m=1 gk,m(um)∑M

m=1 ‖ĥLoS
k,m‖

√
gk,m(um)

. (39)

Algorithm 1 Proposed Polarforming-Based Localization
1: Input: Feasible polarforming {{wk,p}Kk=1}Pp=1, M can-

didate position-rotation pairs at the BS, and threshold κ.
2: Initialization: Ĥ

(0)
m , Ω̂

(0)

m , and set the algorithmic itera-
tion as i = 1.
Step I: Extraction of Unpolarformed Channel:

3: for m = 1, 2, . . . ,M do
4: for i = 1, 2, . . . , Imax do
5: Set A2

(i−1) ,
(
Ω(i−1)
m ◦X

)
and then compute Ĥ

(i)
m =(

Â2
(i−1)

)†
Y2
m in (30).

6: Set A3
(i) ,

(
X ◦

(
H

(i)
m

)T)
and compute Ω̂

(i)

m =(
Â3

(i)

)†
Y3
m in (33).

7: if ‖Ĥ
(i)
m −Ĥ(i−1)

m ‖2F
‖Ĥ(i)

m ‖2F
≤ κ and ‖Ω̂

(i)

m −Ω̂
(i−1)

m ‖2F
‖Ω̂(i)

m ‖2F
≤ κ then

8: break
9: end if

10: end for
11: end for
12: Obtain Ĥ

(i)
m and Ω̂

(i)

m that are the estimations of Hm and
Ωm for m = 1, 2, · · · ,M , respectively.
Step II: Unpolarformed Channel-Based Localization:

13: Compute the DoA vectors for all users using (37).
14: Compute the distances for all users using (39).
15: Output: f̂k and dk for all users k = 1, 2, · · · ,K.

The proposed polarforming-based localization algorithm is
summarized in Algorithm 1. The complexity of Algorithm 1
is dominated by the involved matrix inverse computations for
obtaining Hm and Ωm, which have the complexity orders of
O(K3 + 4K2LP −KLP ) and O(K3 + 4K2NL −KNL),
respectively. Thus, the total computational complexity of
Algorithm 1 is O(2K3 + 4K2L(P +N)−KL(P +N)).

V. POLARFORMING, POSITION, AND ROTATION
OPTIMIZATION

In this section, we formulate and solve the optimization
problem for polarforming design (see Section V-A) in Phase
II and antenna position and rotation design (see Section V-B)
in Phase I of the proposed protocol. As shown in Fig. 1, the
downlink received signal at the k-th user is given by

yk = hk(q,u,wk,v)H
K∑
j=1

cjxj + nk, k ∈ K, (40)

where xk ∼ CN (0, 1) is the data symbol intended for the k-th
user, ck ∈ CNB×1 represents the transmit precoder for user k,
q = [qT1 , · · · ,qTB ]T ∈ R3B×1, and u = [uT1 ,u

T
2 , · · · ,uTB ]T ∈

R3B×1 are position and rotation vectors for all PA subarrays
at BS, and nk ∼ CN (0, σ2) is the AWGN. Using Shannon’s

Authorized licensed use limited to: University of Waterloo. Downloaded on March 27,2026 at 14:23:22 UTC from IEEE Xplore.  Restrictions apply. 



424 IEEE JOURNAL ON SELECTED AREAS IN COMMUNICATIONS, VOL. 44, 2026

formula, the achievable rate of the k-th user over unit radio
spectrum bandwidth is given by

Rk(q,u,wk,v, c)

= log2

1 +
|hk(q,u,wk,v)Hck|2∑

j∈K\k
|hk(q,u,wk,v)Hcj |2 + σ2

 , (41)

where hk(q,u,wk,v) =
[
hTk,1,h

T
k,2, · · · ,hTk,B

]T
∈ CNB×1

denotes the overall PA channel between user k and all the
PA subarrays at the BS, v = [vT1 , · · · ,vTB ]T , and c =
[cT1 , · · · , cTK ]T .

Following the proposed two-timescale protocol, our design
objective is to maximize the weighted sum-rate for all users by
jointly optimizing BS-side antenna positions q and rotations u
in the slow timescale, as well as BS-side transmit polarforming
vectors v and precoding vectors c and user-side polarforming
vectors {wk} in the fast timescale. This leads to the following
optimization problem:

(P1): max
q,u

E

[
max

{wk}Kk=1,v,c

∑
k∈K

%kRk(q,u,wk,v, c)

]
(42a)

s.t. [wk]i ∈ F ,∀k ∈ K, i ∈ {1, 2}, (42b)
[vb]i ∈ F ,∀b ∈ B, i ∈ {1, 2}, (42c)∑
k∈K

‖ck‖2 ≤ ζ, (42d)

qi ∈ C, ∀i ∈ B, (42e)
‖qi − qj‖ ≥ dmin, ∀i, j ∈ B, j 6= i, (42f)

n(ui)
T (qj − qi) ≤ 0, ∀i, j ∈ B, j 6= i, (42g)

where %k represents the rate weight of user k, ζ is the total
transmit power of the BS, the expectation is taken over the
random channel variations due to arbitrary user rotations,
and constraints (42b) and (42c) ensure that the receive and
transmit polarforming vectors satisfy the discrete amplitude
and phase requirements. Constraint (42e) ensures that the
center of each PA subarray is positioned within the convex 3D
site space of the BS. As discussed in [8], minimum distance
dmin enforced by constraint (42f) prevents overlapping and
coupling between PA subarrays. Constraint (42g) mitigates
mutual signal reflections among BS antennas. Note that the
weighted sum-rate in (42a) depends only on the position-
rotation pairs that are selected, instead of their assignment to
specific individual antennas. This is possible since all antennas
have identical properties, which simplifies the design process
with a focus on the selection of optimal pairs.

A. Fast Timescale Optimization

During each channel coherence interval, the BS first esti-
mates the instantaneous channels of all users, hk(q,u,wk,v),
for all possible {wk} and v and with fixed antenna position
vector q, rotation vector u, and user locations. Then, the BS
determines its polarforming v, precoding c as well as user
polarforming {wk}. Given q and u, problem (P1) is simplified
to

(P2): max
{wk}Kk=1,v,c

∑
k∈K

%kRk(q,u,wk,v, c) (43a)

s.t. (42b), (42c), (42d). (43b)

To reformulate problem (P2) into a more tractable form, we
employ the weighted minimum mean squared error (WMMSE)
method [30]. Assuming signal xk is decoded using equalizer
ξk, the estimated signal at user k is given by x̂k = ξkyk.
The mean square error (MSE) for user k, defined as ek =
E[|x̂k − xk|2], is derived as

ek = |ξk|2
∑
j∈K
|hk(q,u,wk,v)Hcj |2 + σ2


− 2Re

{
ξ∗khk(q,u,wk,v)Hck

}
+ 1. (44)

Then, problem (P2) shares the same globally optimal solu-
tion with the following WMMSE problem:

(P2-1): min
{wk,ξk,εk}Kk=1,v,c

∑
k∈K

%k(εkek − log2(εk)) (45a)

s.t. (42b), (42c), (42d), (45b)

where εk denotes the weighting factor for user k.
To facilitate parallel and element-wise updates of the

elements in polarforming vectors {wk} and {vb}, thereby sim-
plifying their optimization, we introduce auxiliary variables
{wk} and {vb}. As a result, problem (P2-1) is equivalently
transformed to

(P2-2): min
{wk,ξk,εk}Kk=1,{vb},c

∑
k∈K

%k(εkek − log2(εk)) (46a)

s.t.
∑
k∈K

‖ck‖2 ≤ ζ, (46b)

wk = wk, k ∈ K, (46c)
vb = vb, b ∈ B, (46d)
[wk]i ∈ F ,∀k ∈ K, i ∈ {1, 2}, (46e)
[vb]i ∈ F ,∀b ∈ B, i ∈ {1, 2}. (46f)

Next, we employ the penalty dual decomposition (PDD)
framework to develop a double-loop iterative algorithm for
solving (P2-2). The inner loop addresses an augmented
Lagrangian problem using block-based minimization, while
the outer loop updates the dual variables and penalty coef-
ficients based on constraint violations until convergence.

Specifically, in the inner loop of PDD, we apply the block
coordinate descent (BCD) method to solve the following
augmented Lagrangian problem of (P2-2):

(P2-3): min
{wk,ξk,εk}Kk=1,{vb},c

∑
k∈K

%k(εkek − log2(εk))+

1

2µ

∑
k∈K

‖wk −wk + µtk‖2+
1

2µ

∑
b∈B

‖vb − vb + µt̄b‖2 ,

s.t. (46b), (46e), (46f), (47a)

where tk and t̄b represent the dual variable vectors corre-
sponding to constraints wk = wk and vb = vb, respectively,
while µ is the penalty coefficient. By dividing the optimization
variables into the following blocks: {wk}, {w̄k}, {vb}, {v̄b},
{ξk}, {εk}, and {ck}, each block can be optimized separately
while keeping the others fixed.
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First, the user polarforming vectors {wk} are updated by
solving the following unconstrained quadratic program (QP)
problem:

(P2-3.1): min
{wk}

∑
k∈K

%kεk|ξk|2
∑
j∈K

∣∣wH
k MH

k cj
∣∣2 −∑

k∈K

2%kεk

Re
{
ξ∗kw

H
k MH

k ck

}
+

1

2µ

∑
k∈K

‖wk −wk + µtk‖2, (48)

which is derived by substituting the relationship
hk(q,u,wk,v) = Mkwk into problem (P2-3) and
neglecting the terms that do not involve {wk}, where
Mk =

[
hLoS
k,1

(
vH1 Ak,1

)T
, · · · ,hLoS

k,B

(
vHBAk,B

)T ]T ∈
CNB×2. The closed-form optimal solution of (P2-3.1) can be
expressed as

wopt
k = C−1k bk, (49)

where

Ck = 2%kεk|ξk|2
∑
j∈K

MH
k cjc

H
j Mk + 1

µI, (50)

bk = 2%kεkξkM
H
k ck + 1

µ

(
wk − µtk

)
. (51)

Next, the wk-subproblem is given by

(P2-3.2): min
wk

‖wk −wk + µtk‖2 (52a)

s.t. [wk]i ∈ F , ∀i ∈ {1, 2}. (52b)

Since the elements of wk are independent in both the objective
function and constraints, the optimal solution can be computed
in parallel as

[wk]opt
i = ρ̂k,ie

j∠[wk]i , (53)

where

∠[wk]i = arg min
∠[wk]i∈S

|∠[wk]i − ∠([wk]i + µ[tk]i)|, (54)

ρ̂k,i = arg min
ρk,i∈A

|ρk,iej∠[wk]i − ([wk]i + µ[tk]i)|. (55)

The detailed solutions for the remaining variables in (P2-3)
are provided in Appendix.

In the outer loop of PDD framework, the dual variables are
updated as

tk ← tk +
1

µ
(wk − tk), k ∈ K, (56)

t̄b ← t̄b +
1

µ
(vb − vb), b ∈ B. (57)

The proposed polarforming optimization algorithm is sum-
marized in Algorithm 2, which is guaranteed to converge [31].
The complexity of Algorithm 2 is O

(
IoutIin

(
KN2B2

))
,

which is proportional to the number of users, K. Here,
Iout and Iin respectively denote the outer and inner iteration
numbers required for convergence.

B. Slow Timescale Optimization

The slow-timescale optimization of antenna position vector
q and rotation vector u in problem (P1) is a stochastic
optimization problem due to the expectation operation in the
objective function. Since this objective function is intractable,
we approximate it as a deterministic function. Specifically, we

Algorithm 2 Proposed Polarforming Optimization Algorithm
for Solving Problem (P2)

1: Input: q, u, and ζ.
2: Initialize {wk}, {vb}, and {ck}, set the outer iteration

index iout = 0, εin > 0, εout > 0, and $ < 1.
3: repeat
4: Set the inner iteration index iin = 0.
5: repeat
6: Update {wk}, {w̄k}, {vb}, {v̄b}, {ξk}, {εk}, and {ck}

successively according to (49), (53), and Appendix.
7: Update the inner iteration index: iin ← iin + 1.
8: until The relative reduction in the objective function of

(P2-3) falls below the threshold εin.
9: Update the dual variables by (56) and (57) and update
µ← $µ.

10: iout ← iout + 1.
11: until Both constraint violations, ‖v−v̄‖∞ and ‖w−w̄‖∞,

are below the threshold εout, where v̄ and w̄ represent the
collections of {v̄b} and {w̄k}, respectively.

12: Output: {ck}, {wk}, and {vb}.

independently generate L sets of random channel samples for
all users and use their achievable rates averaged over these
channel samples as a close approximation of the expected rate
in the objective function of (P1), provided that L is sufficiently
large. Given the user locations estimated at the beginning of
Phase I of our proposed protocol, the BS can obtain the users’
LoS channels for all possible PA position-rotation pairs at the
BS and accordingly generate the L random channel samples
by independently and randomly varying rotations ur

k of all
users.

Suppose that the l-th sample of the PA time-variant channels
is Ĥl = {hl1,hl2, · · · ,hlK}. The average sum rate of the k-
th user is approximated by 1

L

∑L
l=1Rk

(
q,u,wk,v, c, Ĥl

)
,

where Ĥ represents the collection of all L channel samples.
Problem (P1) is thus recast as

(P3): max
q,u

∑
k∈K

%k
1

L

L∑
l=1

Rk

(
q,u,wk,v, c, Ĥl

)
(58a)

s.t. (42e), (42f), (42g). (58b)

Note that problem (P3) is a non-convex optimization
problem due to the non-concave objective function and the
non-convex constraints in (42f) and (42g). Traditional convex
optimization methods are not practically efficient for solving
problem (P3). Inspired by the low complexity of particle
swarm optimization (PSO) algorithms [32], we propose a
recursive sampling-based PSO (RS-PSO) scheme for opti-
mizing the position and rotation parameters. Specifically, we
assume that S particles are used to explore the constrained
search space, with each particle assigned a velocity at every
iteration. The position of a particle, represented as

s = [qT ,uT ]T ∈ R6B×1, (59)

includes the optimized antenna position and rotation parame-
ters. The velocity of a particle is given by m ∈ R6B×1.
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Algorithm 3 Proposed Two-Timescale Polarforming, Position,
and Rotation (TT-PPR) Optimization Algorithm

1: Input: L,B,N,K, S and Iiter.
2: Step 1: (Slow timescale optimization for solving (P3))
3: Initialize {s(0)j }Sj=1, {m(0)

j }Sj=1 and
{S, ω, c1, c2, τ1, τ2, Iiter}.

4: Generate L channel samples based on estimated user
locations and divide them into N mini-batches.

5: Calculate (60) using the first mini-batch of samples, where
{w(0)

k,j , c
(0)
k,j} and {v(0)

b,j } are obtained by Algorithm 2.
6: Obtain {ŝ(0)j }Sj=1, and find the global optimal position:

sg = arg max
s
{J (0)(ŝ1), J (0)(ŝ2), . . ., J (0)(ŝS)}.

7: for i = 1 : Iiter do
8: Update particle velocity {m(i)

j }Sj=1 and position {s(i)j }Sj=1

by using (63) and (64).
9: for j = 1 : S do

10: Given particle s
(i)
j , calculate the optimal {w(i)

k,j}, {v
(i)
b,j},

{c(i)k,j} according to Algorithm 2.
11: Evaluate the fitness value of particle s

(i)
j over the ith mini-

batch of samples by using (60).
12: if J (i) > J (i−1) then
13: ŝj = s

(i)
j .

14: else
15: ŝj = s

(i−1)
j .

16: end if
17: end for
18: Update sg = arg maxŝ{J (i)(ŝ1), . . ., J (i)(ŝS)}.
19: end for
20: Output:[qT ,uT ]T = sg.
21: Step 2: (Fast timescale optimization over t ∈ [1, Tc])
22: Apply Algorithm 2 given q, u, and Ĥl to obtain the fast-

timescale parameters {wk}, {vb} and {ck}.

In general, the average sum rate in (P3) serves as the
fitness function for the PSO. However, it involves a large
number of average sum rate calculations over a large set of
random channel samples, which can make the computation
prohibitively costly. To address this issue, we develop the RS-
PSO algorithm, which efficiently evaluates the fitness function
while maintaining satisfactory performance. Specifically, all
L random channel samples are divided into N batches, with
each batch containing LS = L/N samples (assumed to be an
integer for convenience). At each iteration i, we introduce a
recursive sampling surrogate function [33], which is defined
as

J (i)(s) = (1− κ(i))J (i−1) + κ(i)

∑
k∈K

%k

iLS∑
l=(i−1)LS+1

Rk

(
s,wk,v, c, Ĥl

)
LS

, (60)

where κ(i) is an iteration-dependent constant that adjusts the
weight of new samples in computing the average sum rate. To
ensure compliance with constraints (42f)–(42g), we introduce

an adaptive penalty factor τ |Q(s)|c, which leads to

J̄ (i)(s) = J (i)(s) + τ |Q(s)|c, (61)

where τ is a positive penalty parameter, and Q(s) represents
the penalty term for infeasible particles. Specifically, each
element in Q(s) corresponds to position-rotation pair (q,u)
of PA subarrays that violates constraints (42f) or (42g). Thus,
Q(s) is defined as

Q(s) = {(qn,qb)|‖qn − qb‖2 < dmin, 1 ≤ n < b ≤ B}
∪ {(qb,un)|n(un)T (qb − qn) > 0, 1 ≤ n, b ≤ B,n 6= b}
∪ {(qn,un)|n(un)Tqn < 0, 1 ≤ n ≤ B}. (62)

At iteration i, the j-th particle updates its position s
(i)
j based

on its velocity m
(i)
j . Let ŝj be the local best position for

particle j and sg the global best position across all particles.
The velocity and position updates are respectively given by

m
(i)
j = ωm

(i−1)
j + c1τ1(ŝ

(i−1)
j − s

(i−1)
j )

+ c2τ2(s(i−1)g − s
(i−1)
j ), (63)

s
(i)
j = G(s

(i−1)
j + m

(i)
j ), (64)

where c1 and c2 are learning factors, τ1 and τ2 are uniform
random variables in [0, 1], and ω is the inertia weight. The
projection function G(·) ensures feasibility w.r.t. constraint
(42e):

[G(s
(i)
j )]j =


−A

2
, if [s

(i)
j ]j < −A2 ,

A

2
, if [s

(i)
j ]j >

A
2 ,

[s
(i)
j ]j , otherwise,

(65)

for 1 ≤ j ≤ 3B, where A is the side length of the BS region
C, modeled as a cube for simplicity.

In summary, our proposed two-timescale polarforming,
position, and rotation (TT-PPR) optimization algorithm is
outlined in Algorithm 3, in which the complexity of the slow-
timescale optimization in Step 1 for solving problem (P3) is
given by O(SLSNB).

VI. SIMULATION RESULTS

In the simulation, we set N = 4, B = 16, K = 30, and C as
a cube with A = 1 meter (m) sides. Users are situated within
a 3D coverage area, which forms a spherical annulus ranging
from 20 m to 200 m in radial distance from the BS center.
The carrier frequency is 24 GHz. The inter-antenna spacing
on each PA subarray is λ

2 and the minimum inter-subarray
distance is dmin =

√
2
2 λ + λ

2 . The directional antenna gain
is determined in accordance with the 3GPP standard [8]. In
Algorithm 3, we set S = 200, κ(i) = i−0.2, and Iiter = 100.
We set the number of channel samples as L = 4000 with
LS = 40, unless specified otherwise.

To start with, we evaluate the performance of the proposed
polarforming-based localization algorithm and compare it with
the direct positioning method in [35]. The direct positioning
method sets L = Ts with P = 1 and applies maximum likeli-
hood (ML) estimation to iteratively optimize the users’ DoA
vectors fk, user-to-BS distances dk, and dynamic polarformed
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Fig. 6. Results of user localization.

channels ηm,k to maximize the log-likelihood function. The
localization error is calculated by

√
E {‖p̂− p‖2} [36], where

p represents the true locations of all users, and p̂ denotes their
estimated locations. During the localization phase, we design
X as a semi-unitary matrix satisfying XHX = IK and set
wk,p based on the Fourier transform matrix. We model the
effective antenna gain in (11) using the 3GPP standard [8].

First, the estimated locations for one localization realization
of all users are shown in Fig. 6. Blue circles represent the
actual user locations, while the red stars and black crosses
denote the estimates from the proposed polarforming-based
localization and direct positioning methods, respectively. The
red stars closely align with the blue circles, whereas the black
crosses show clear deviations, which indicates that the pro-
posed method achieves higher accuracy than direct positioning.
This is because, by providing controllable polarforming vec-
tors, the proposed method fully exploits the measurement
diversity of the received signal to improve estimation accuracy.
Moreover, the proposed method efficiently exploits the Khatri-
Rao channel structure to separate the estimation of stable
channels Hm from dynamic coefficients Ωm, thereby enabling
user localization using the decoupled estimates with closed-
form solutions, without the need to estimate ηm,k explicitly.
In contrast, the direct positioning method neglects the Khatri-
Rao structure of the composite channel and has to jointly
estimate all user positions and channel coefficients in a larger
coupled parameter space that lacks closed-form solutions,
which makes it more prone to estimation errors and local
optima.

Fig. 7 illustrates the localization error (in terms of MSE
between the actual and estimated user locations) of both the
proposed and benchmark schemes versus (vs.) received signal-
to-noise ratio (SNR). Fig. 7 shows that increasing the SNR
leads to a significant reduction in localization error for both
schemes. Moreover, the localization error of the proposed
scheme is less than 0.1 m for SNR larger than 5 dB, which is
much lower than that of the direct positioning method. This
implies that the effective data rates of users can be significantly
increased as less sensing time is required for localization.

Next, we evaluate the performance of the proposed TT-PPR
algorithm for joint polarforming and antenna position/rotation
optimization for users’ average sum-rate maximization by con-
sidering the following special cases of the proposed algorithm:

Fig. 7. Localization error vs. the received SNRs in dB.

Fig. 8. Impact of mini-batch size on the TT-PPR algorithm performance.

• Fixed Parameter Scheme: In this scheme, {wk}, {vb},
q, and u are fixed. We adopt a three-sector BS config-
uration, modeled as a special case of the PA system
with B = 3 sectors. Each sector has approximately
dNB3 e antennas covering 120◦. The precoding vector
{ck} uses maximum-ratio transmission (MRT), while the
phase shifts and amplitudes of the polarforming vectors
{wk} and {vb} are randomly generated and then fixed.

• Proposed Polarforming Optimization Only: Optimize
only the polarforming vectors {wk} and {vb} using
Algorithm 2, while keeping the positions, rotations, and
precoding vectors the same as in the fixed parameter
scheme.

• Proposed Position-Rotation Optimization Only: Opti-
mize only the antenna position and rotation parameters
q and u using Algorithm 3, while keeping all other
parameters the same as in the fixed parameter scheme.

Fig. 8 shows the impact of different mini-batch sizes on the
convergence of the proposed TT-PPR algorithm. It is observed
that the TT-PPR algorithm can converge within 100 iterations
under different LS values. Although larger batch sizes for
LS achieve a higher average rate over iterations compared
to smaller batch sizes, they also incur higher computational
complexity.

In Fig. 9, we plot the achievable rates by different schemes
versus BS’s transmit power. The results demonstrate that any
level of antenna reconfiguration, i.e., proposed polarforming
optimization only, position-rotation optimization only, and TT-
PPR algorithm, can increase the achievable rate compared
to the fixed parameter scheme, while joint antenna posi-
tion/rotation and polarforming optimization by the TT-PPR
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Fig. 9. Achievable average rate vs. BS transmit power for different schemes.

algorithm achieves the highest performance gain. In particular,
even the proposed polarforming optimization only scheme
achieves a significant gain in achievable average rate over
the fixed parameter scheme. This is due to the ability of
polarforming antenna to dynamically adjust the polarization
of the users and BS to maximize the instantaneous channel
gain, thus effectively leveraging the additional DoFs provided
by polarization diversity. Moreover, it is observed that with the
same transmit power, the position-rotation optimization only
scheme can also achieve higher rates than the fixed parameter
scheme. This is because the PA system with position-rotation
adjustment has more spatial DoFs and can deploy the antenna
resources more reasonably to match the users’ channel spatial
distribution. Furthermore, the performance gap between the
proposed schemes and the fixed-parameter scheme widens
with increasing BS transmit power. This is expected as the sum
rate becomes more interference-limited as the transmit power
increases, and adjusting user/BS polarforming and the antenna
positions/rotations at BS can effectively improve the multiuser-
MIMO channel condition for interference suppression by BS’s
transmit precoding.

The effect of the number of antennas at the BS on the pro-
posed polarforming optimization only scheme is also shown
in Fig. 10. We examine two cases in which each PA subarray
at the BS employs the same polarforming vector, i.e., the
proposed subarray-based polarforming scheme with N = 4,
or each antenna at the BS can have independent polarization
control, i.e., the proposed antenna-based polarforming scheme
with N = 1. We observe that even though the subarray-based
polarforming has less flexibility in polarforming configuration,
its performance is very close to that of the antenna-based
polarforming, which, however, requires higher hardware costs.
This demonstrates that the proposed subarray-based polar-
forming scheme provides a more practically appealing balance
between performance and hardware cost. Furthermore, Fig.
10 also shows that the performance advantage of polarform-
ing becomes increasingly significant compared to the fixed
parameter scheme as the number of BS antennas increases.
This is because, with a larger number of BS antennas, the
PA-enhanced system possesses more polarization DoFs, which
allows polarization reconfiguration to better utilize these DoFs
to optimize channel conditions and improve achievable rates.

In Fig. 11, we investigate the achievable average sum-rate
of the proposed polarforming optimization-only scheme versus

Fig. 10. Achievable average rate vs. number of BS antennas for antenna- and
subarray-based polarforming methods.

Fig. 11. Achievable average rate vs. number of users for different polarform-
ing quantization levels.

the number of users, K. The effect of different polarforming
amplitude/phase quantization levels on the achievable rate is
also shown. The number of quantization bits is assumed to
be the same at both the BS and users. It can be observed that
polarforming optimization with both amplitude and phase con-
trol outperforms the phase-only control (i.e., Qρ = 0) as well
as traditional polarization-reconfigurable antenna in [11] with
amplitude-only control (i.e., Qϑ = 0). Moreover, the proposed
scheme with amplitude control achieves better performance
than phase-only control. Furthermore, the performance gain
achieved by amplitude control becomes more pronounced as
the number of users, K, increases, since multiuser interference
due to CSI estimation errors becomes more severe. This result
suggests that in systems with a large number of users, it may
be more beneficial to employ amplitude-phase joint control
polarforming rather than amplitude/phase-only polarforming.

VII. CONCLUSION

In this paper, we have proposed a novel approach to
enhance wireless sensing and communication performance
by developing PA, which intelligently adjusts its polarization
through polarforming vector and adaptively tunes its rota-
tion and position to cater to channel variations. Specifically,
we have modeled the PA channel and designed an efficient
polarforming-based user localization algorithm that extracts
the common parameters in the stable unpolarformed channel
across different controllable polarforming vectors. Then, given
the practical movement constraints of PAs, the transceiver
polarforming and the antenna positions/rotations were jointly
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optimized to maximize the weighted sum rate of users in a PA-
enhanced ISAC system. By applying the PDD and recursive
sampling surrogate techniques, an efficient algorithm has been
proposed to balance the system performance and computa-
tional complexity. Extensive simulation results under various
practical setups demonstrated the effectiveness of localization,
polarforming, and antenna placement. PA can significantly
enrich the design DoFs for sensing and communication by
tuning polarforming vectors and antenna positions/rotations at
a limited cost, thereby opening up promising new applications
and research directions for future wireless networks.

APPENDIX
SOLUTION TO (P2-3)

The remaining variables in problem (P2-3) are optimized
by solving the following subproblems.

A. Optimization of vb

The update of the BS polarforming vectors {vb} can be
conducted by solving the following unconstrained QP prob-
lem:

(P2-3.3): min
{vb}

∑
k∈K

%kεk|ξk|2
∑
j∈K

∣∣∣∣∑
b∈B

εk,j,bv
H
b d̂k,b

∣∣∣∣2

−
∑
k∈K

%kεk2Re

{
ξ∗k
∑
b∈B

εk,k,bv
H
b d̂k,b

}

+
1

2µ

∑
b∈B

‖vb − vb + µt̄b‖2 , (66)

where d̂k,b = Ak,bwk and εk,j,b = (hLoS
k,b )T cj,b with

ck,b ∈ CN×1 drawn from ck = [cTk,1, . . ., c
T
k,B ]T . The optimal

solution of (P2-3.3) can be expressed as

vopt
b = C̄−1b b̄b, (67)

where

C̄b=
∑
k∈K

%kεk|ξk|2
∑
j∈K

2εk,j,bε
∗
k,j,bd̂k,bd̂

H
k,b+

1

µ
I, (68)

b̄b=
∑
k∈K

%kεk2ξ∗kεk,k,bd̂k,b +
1

µ
(vb − µt̄b) . (69)

B. Optimization of vb

The vb-subproblem is given by

(P2-3.4): min
vb
‖vb − vb + µt̄b‖2 (70a)

s.t. [vb]i ∈ F , ∀i ∈ {1, 2}. (70b)

Similar to problem (P2-3.2), the optimal solution of problem
(P2-3.4) can be efficiently computed in parallel, and its expres-
sion is omitted for brevity.

C. Optimization of ξk
With all other variables fixed, minimizing

∑
k∈K %kεkek

leads to the following linear minimum mean square error
(LMMSE) equalizer coefficient

ξk =
hk(q,u,wk,v)Hck∑

j∈K |hk(q,u,wk,v)Hcj |2 + σ2
. (71)

D. Optimization of εk
The optimal solution is εk = 1

ek
.

E. Optimization of c
The transmit precoder update is obtained by solving:

(P2-3.5): min
c

∑
k∈K

%kεkek (72a)

s.t. (42d). (72b)

Since ck terms are decoupled in the Lagrangian function,
the optimal solution can be derived using the following first-
order optimality condition:

ck(µ̃) = %kεkξ
∗
k

µ̃I +
∑
j∈K

%jεj |ξj |2hjhHj

−1 hk, (73)

where µ̃ is the dual variable for the transmit power constraint.
If
∑
k∈K ‖ck(0)‖2 ≤ ζ, then {ck(0)} is optimal; otherwise,

the optimal µ̃ can be found via the bisection method [36].
The derivation of the solution to problem (P2-3) is thus
complete.

REFERENCES

[1] F. Liu, Y.-F. Liu, A. Li, C. Masouros, and Y. C. Eldar, “Cramér–Rao
bound optimization for joint radar-communication beamforming,” IEEE
Trans. Signal Process., vol. 70, pp. 240–253, 2022.

[2] X. Song, J. Xu, F. Liu, T. X. Han, and Y. C. Eldar, “Intelligent reflecting
surface enabled sensing: Cramér–Rao bound optimization,” IEEE Trans.
Signal Process., vol. 71, pp. 2011–2026, 2023.

[3] X. Shen, J. Gao, W. Wu, M. Li, C. Zhou, and W. Zhuang, “Holistic
network virtualization and pervasive network intelligence for 6G,”
IEEE Commun. Surveys Tuts., vol. 24, no. 1, pp. 1–30, 1st Quart.,
2022.

[4] Z. Wang et al., “Extremely large-scale MIMO: Fundamentals, chal-
lenges, solutions, and future directions,” IEEE Wireless Commun.,
vol. 31, no. 3, pp. 117–124, Jun. 2024.

[5] Y. He, X. Cheng, and G. L. Stuber, “On polarization channel modeling,”
IEEE Wireless Commun., vol. 23, no. 1, pp. 80–86, Feb. 2016.

[6] T. Kim, B. Clerckx, D. J. Love, and S. J. Kim, “Limited feed-
back beamforming systems for dual-polarized MIMO channels,”
IEEE Trans. Wireless Commun., vol. 9, no. 11, pp. 3425–3439,
Nov. 2010.

[7] M. Hua, Q. Wu, W. Chen, A. Jamalipour, C. Wu, and O. A. Dobre,
“Integrated sensing and communication: Joint pilot and transmis-
sion design,” IEEE Trans. Wireless Commun., vol. 23, no. 11,
pp. 16017–16032, Nov. 2024.

[8] X. Shao, Q. Jiang, and R. Zhang, “6D movable antenna based on
user distribution: Modeling and optimization,” IEEE Trans. Wireless
Commun., vol. 24, no. 1, pp. 355–370, Jan. 2025.

[9] X. Shao, R. Zhang, Q. Jiang, and R. Schober, “6D movable
antenna enhanced wireless network via discrete position and rotation
optimization,” IEEE J. Sel. Areas Commun., vol. 43, no. 3, pp. 674–687,
Mar. 2025.

[10] X. Shao and R. Zhang, “6DMA enhanced wireless network
with flexible antenna position and rotation: Opportunities and
challenges,” IEEE Commun. Mag., vol. 63, no. 4, pp. 121–128,
Apr. 2025.

[11] S.-C. Kwon and A. F. Molisch, “Capacity maximization with
polarization-agile antennas in the MIMO communication system,” in
Proc. IEEE Global Commun. Conf. (GLOBECOM), San Diego, CA,
USA, Dec. 2015, pp. 1–6.

[12] X. Shao et al., “A tutorial on six-dimensional movable antenna for
6G networks: Synergizing positionable and rotatable antennas,” 2025,
arXiv:2503.18240.

[13] C. Liu, W. Mei, P. Wang, Y. Meng, B. Ning, and Z. Chen, “UAV-enabled
passive 6D movable antennas: Joint deployment and beamforming
optimization,” 2024, arXiv:2412.11150.

Authorized licensed use limited to: University of Waterloo. Downloaded on March 27,2026 at 14:23:22 UTC from IEEE Xplore.  Restrictions apply. 



430 IEEE JOURNAL ON SELECTED AREAS IN COMMUNICATIONS, VOL. 44, 2026

[14] Q. Jiang, X. Shao, and R. Zhang, “Statistical channel based low-
complexity rotation and position optimization for 6D movable antennas
enabled wireless communication,” 2025, arXiv:2504.20618.

[15] X. Pi, L. Zhu, H. Mao, Z. Xiao, X.-G. Xia, and R. Zhang, “6D
movable antenna enhanced multi-access point coordination via position
and orientation optimization,” 2024, arXiv:2412.10736.

[16] Z. Zhou, J. Ding, C. Wang, B. Jiao, and R. Zhang, “Polarforming for
wireless communications: Modeling and performance analysis,” 2024,
arXiv:2409.07771.

[17] X. Shao, C. You, W. Ma, X. Chen, and R. Zhang, “Target sensing
with intelligent reflecting surface: Architecture and performance,” IEEE
J. Sel. Areas Commun., vol. 40, no. 7, pp. 2070–2084, Jul. 2022.

[18] X. Shao and R. Zhang, “Enhancing wireless sensing via a target-mounted
intelligent reflecting surface,” Nat. Sci. Rev., vol. 10, no. 8, p. 150, Jul.
2023.

[19] Y. Zhang, X. Shao, H. Li, B. Clerckx, and R. Zhang, “Full-space
wireless sensing enabled by multi-sector intelligent surfaces,” IEEE
Trans. Wireless Commun., vol. 24, no. 9, pp. 7301–7316,Sep. 2025.

[20] A. Liu et al., “A survey on fundamental limits of integrated sensing
and communication,” IEEE Commun. Surveys Tuts., vol. 24, no. 2,
pp. 994–1034, 2nd Quart., 2022.

[21] H. Lu, Y. Zeng, S. Jin, and R. Zhang, “Aerial intelligent reflect-
ing surface: Joint placement and passive beamforming design with
3D beam flattening,” IEEE Trans. Wireless Commun., vol. 20, no. 7,
pp. 4128–4143, Jul. 2021.

[22] M. R. Castellanos and R. W. Heath Jr., “Linear polarization optimization
for wideband MIMO systems with reconfigurable arrays,” IEEE Trans.
Wireless Commun., vol. 23, no. 3, pp. 2282–2295, Mar. 2024.

[23] X. Shao, R. Zhang, Q. Jiang, J. Park, T. Q. S. Quek, and R. Schober,
“Distributed channel estimation and optimization for 6D movable
antenna: Unveiling directional sparsity,” IEEE J. Sel. Topics Signal
Process., vol. 19, no. 2, pp. 349–365, Mar. 2025.

[24] X. Shao, R. Zhang, J. Park, T. Q. Quek, R. Schober, and X. S. Shen,
“Directional sparsity based statistical channel estimation for 6D movable
antenna communications,” in Proc. IEEE Intern. Conf. Commun. (ICC),
Jun. 2025, pp. 1–6.

[25] Y. Rong, M. R. A. Khandaker, and Y. Xiang, “Channel estimation of
dual-hop MIMO relay system via parallel factor analysis,” IEEE Trans.
Wireless Commun., vol. 11, no. 6, pp. 2224–2233, Jun. 2012.

[26] X. Zhang, X. Shao, Y. Guo, Y. Lu, and L. Cheng, “Sparsity-
structured tensor-aided channel estimation for RIS-assisted MIMO
communications,” IEEE Commun. Lett., vol. 26, no. 10, pp. 2460–2464,
Oct. 2022.

[27] L. Hu, X. Shao, T. Qiu, F. Chen, L. Cheng, and Q. Wu, “Triple IRS-
aided communications: Row-column sparsity enhanced Bayesian tensor
learning for channel estimation,” IEEE Trans. Commun., early access,
2025.

[28] X. Shao, L. Cheng, X. Chen, C. Huang, and D. W. K. Ng,
“Reconfigurable intelligent surface-aided 6G massive access: Coupled
tensor modeling and sparse Bayesian learning,” IEEE Trans. Wireless
Commun., vol. 21, no. 12, pp. 10145–10161, Dec. 2022.

[29] P. Gupta and S. Kar, “MUSIC and improved MUSIC algorithm to
estimate direction of arrival,” in Proc. Int. Conf. Commun. Signal
Process. (ICCSP), 2015, pp. 0757–0761.

[30] Q. Shi, M. Razaviyayn, Z.-Q. Luo, and C. He, “An iteratively weighted
MMSE approach to distributed sum-utility maximization for a MIMO
interfering broadcast channel,” IEEE Trans. Signal Process., vol. 59,
no. 9, pp. 4331–4340, Sep. 2011.

[31] Q. Shi and M. Hong, “Penalty dual decomposition method for non-
smooth nonconvex optimization—Part I: Algorithms and convergence
analysis,” IEEE Trans. Signal Process., vol. 68, pp. 4108–4122, 2020.

[32] M. Clerc and J. Kennedy, “The particle swarm–explosion, stability, and
convergence in a multidimensional complex space,” IEEE Trans. Evol.
Comput., vol. 6, no. 1, pp. 58–73, Feb. 2002.

[33] A. Liu, V. K. N. Lau, and M.-J. Zhao, “Online successive convex
approximation for two-stage stochastic nonconvex optimization,” IEEE
Trans. Signal Process., vol. 66, no. 22, pp. 5941–5955, Nov. 2018.

[34] D. Dardari, N. Decarli, A. Guerra, and F. Guidi, “LOS/NLOS near-field
localization with a large reconfigurable intelligent surface,” IEEE Trans.
Wireless Commun., vol. 21, no. 6, pp. 4282–4294, Jun. 2022.

[35] M. Ghermezcheshmeh and N. Zlatanov, “User localization via multi-
ple intelligent reflecting surfaces for LOS-dominated channels,” IEEE
Access, vol. 11, pp. 122446–122457, 2023.

[36] M.-M. Zhao, Q. Wu, M.-J. Zhao, and R. Zhang, “Intelligent reflect-
ing surface enhanced wireless networks: Two-timescale beamforming
optimization,” IEEE Trans. Wireless Commun., vol. 20, no. 1, pp. 2–17,
Jan. 2021.

Xiaodan Shao (Member, IEEE) received the Ph.D.
degree in information and communication engineer-
ing from Zhejiang University, China, in 2022. She
was a Visiting Research Scholar with the National
University of Singapore, Singapore. From 2022 to
2024, she was a Humboldt Research Fellow with
the Institute for Digital Communications, Friedrich-
Alexander-University Erlangen-Nuremberg (FAU),
Erlangen, Germany. She is currently a Post-Doctoral
Fellow with the Department of Electrical and Com-
puter Engineering, University of Waterloo, Canada.

Her current research interests include six-dimensional movable antenna
(6DMA), integrated sensing and communications (ISACs), massive access,
digital agent, statistical signal processing, and optimization methods. She was
a recipient of the 2025 IEEE Communications Society Leonard G. Abraham
Prize (first author), the 2020 IEEE International Conference on Wireless Com-
munications and Signal Processing (WCSP) Best Paper Award (first author),
and the Best Ph.D. Thesis Award of China Institute of Communications in
2023. She serves as a Guest Editor for Electronics and an Associate Editor
for IEEE WIRELESS COMMUNICATIONS LETTERS.

Rui Zhang (Fellow, IEEE) received the B.Eng.
(Hons.) and M.Eng. degrees from the National
University of Singapore, Singapore, and the Ph.D.
degree from Stanford University, Stanford, CA,
USA, all in electrical engineering. From 2007 to
2009, he was a Researcher at the Institute for
Infocomm Research, A*STAR, Singapore. In 2010,
he joined the Department of Electrical and Computer
Engineering, National University of Singapore,
where he was appointed as the Provost’s Chair
Professor in 2020. He is also an Adjunct Professor

at The Chinese University of Hong Kong, Shenzhen, China. His current
research interests include UAV/satellite communications, intelligent reflecting
surface, reconfigurable MIMO, and optimization methods. He is a fellow of
the Academy of Engineering Singapore. He was a recipient of the 6th IEEE
Communications Society Asia–Pacific Region Best Young Researcher Award
in 2011, the Wireless Communications Technical Committee Recognition
Award in 2020, and the IEEE SPCC Technical Recognition Award in 2021.
He received the 15 IEEE best journal paper awards, including the IEEE
Marconi Prize Paper Award and the IEEE Communications Society Leonard
G. Abraham Prize in 2025. He served as the Vice Chair for the IEEE
Communications Society Asia–Pacific Board Technical Affairs Committee
from 2014 to 2015. He was a Distinguished Lecturer of the IEEE Signal
Processing Society and the IEEE Communications Society from 2019 to 2020.

Haibo Zhou (Senior Member, IEEE) received the
Ph.D. degree in information and communication
engineering from Shanghai Jiao Tong University,
Shanghai, China, in 2014. From 2014 to 2017, he
was a Post-Doctoral Fellow with the Broadband
Communications Research Group, Department of
Electrical and Computer Engineering, University of
Waterloo. He is currently a Full Professor with
the School of Electronic Science and Engineering,
Nanjing University, Nanjing, China. His research
interests include resource management and protocol

design in B5G/6G networks, vehicular ad hoc networks, and space-air-
ground integrated networks. He was a recipient of the 2019 IEEE ComSoc
Asia–Pacific Outstanding Young Researcher Award. He is an Associate
Editor of IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, IEEE
INTERNET OF THINGS JOURNAL, and IEEE Network Magazine.

Qijun Jiang received the B.E. degree in communi-
cation engineering from Beijing Jiaotong University,
Beijing, China, in 2023. He is currently pursu-
ing the Ph.D. degree in computer and information
engineering with The Chinese University of Hong
Kong, Shenzhen. His research interests include six-
dimensional movable antenna (6DMA) and massive
MIMO.

Authorized licensed use limited to: University of Waterloo. Downloaded on March 27,2026 at 14:23:22 UTC from IEEE Xplore.  Restrictions apply. 



SHAO et al.: POLARFORMING ANTENNA ENHANCED SENSING AND COMMUNICATION: MODELING AND OPTIMIZATION 431

Conghao Zhou (Member, IEEE) received the Ph.D.
degree in electrical and computer engineering from
the University of Waterloo, Canada, in 2022. He was
a Post-Doctoral Research Fellow at the University
of Waterloo. He is currently a Professor with the
School of Telecommunications Engineering, Xidian
University, China. His research interests include
immersive communications, AI for networking, and
space-airground integrated networks.

Weihua Zhuang (Fellow, IEEE) received the B.Sc.
and M.Sc. degrees in electrical engineering from
Dalian Maritime University, China, and the Ph.D.
degree in electrical engineering from the Univer-
sity of New Brunswick, Canada. Since 1993, she
has been a Faculty Member at the Department
of Electrical and Computer Engineering, University
of Waterloo, Canada, where she is currently the
University Professor and the University Research
Chair of wireless communication networks. Her cur-
rent research interests include network architecture,

algorithms and protocols, and service provisioning in future communication
systems. She is a fellow of the Royal Society of Canada (RSC), Canadian
Academy of Engineering (CAE), and the Engineering Institute of Canada
(EIC). She is an Elected Member of the Board of Governors (BoG) of
the IEEE Vehicular Technology Society (VTS). She was a recipient of the
Women’s Distinguished Career Award in 2021 from the IEEE Vehicular
Technology Society, the R.A. Fessenden Award in 2021 from IEEE Canada,
the Award of Merit in 2021 from the Federation of Chinese Canadian
Professionals (Ontario), and the Technical Recognition Award in Ad Hoc
and Sensor Networks in 2017 from the IEEE Communications Society.
She was the VTS President (2023–2024), the Editor-in-Chief of IEEE
TRANSACTIONS ON VEHICULAR TECHNOLOGY (2007–2013), an Editor of
IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS (2005–2009), and
an IEEE Communications Society Distinguished Lecturer (2008–2011).

Xuemin (Sherman) Shen (Fellow, IEEE) received
the Ph.D. degree in electrical engineering from
Rutgers University, New Brunswick, NJ, USA, in
1990.

He is currently the University Professor of the
Department of Electrical and Computer Engineering,
University of Waterloo, Canada. He is a Regis-
tered Professional Engineer in ON, Canada. His
research interests include network resource man-
agement, wireless network security, the Internet of
Things, 5G and beyond, and vehicular networks.

He is an Engineering Institute of Canada Fellow, a Canadian Academy of
Engineering Fellow, a Royal Society of Canada Fellow, a Chinese Academy of
Engineering Foreign Member, and an International Fellow of the Engineering
Academy of Japan. He received the “West Lake Friendship Award” from
Zhejiang Province in 2023, the President’s Excellence in Research from the
University of Waterloo in 2022, Canadian Award for Telecommunications
Research from Canadian Society of Information Theory (CSIT) in 2021,
the R. A. Fessenden Award in 2019 from IEEE, Canada, Award of Merit
from the Federation of Chinese Canadian Professionals (Ontario) in 2019,
the James Evans Avant Garde Award in 2018 from the IEEE Vehicular
Technology Society, the Joseph LoCicero Award in 2015 and Education Award
in 2017 from the IEEE Communications Society (ComSoc), and the Technical
Recognition Award from Wireless Communications Technical Committee
(2019) and AHSN Technical Committee (2013). He also received the Excellent
Graduate Supervision Award in 2006 from the University of Waterloo and the
Premier’s Research Excellence Award (PREA) in 2003 from the Province of
Ontario, Canada. He serves/served as the General Chair for the 6G Global
Conference’23 and ACM Mobihoc’15, the Technical Program Committee
Chair/Co-Chair for IEEE Globecom’24, ’16, and ’07, IEEE Infocom’14,
and IEEE VTC’10 Fall, and the Chair for the IEEE ComSoc Technical
Committee on Wireless Communications. He served as the Editor-in-Chief
for IEEE INTERNET OF THINGS JOURNAL, IEEE NETWORK, and IET
Communications. He is the Past President of the IEEE ComSoc, the Vice
President for Technical and Educational Activities and Publications, and a
Member-at-Large on the Board of Governors.

Authorized licensed use limited to: University of Waterloo. Downloaded on March 27,2026 at 14:23:22 UTC from IEEE Xplore.  Restrictions apply. 


